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Non-technical summary
In this paper, wage and productivity effects of continuing training are estimated and compared in order to analyse who gains from workers' training. Investments in continuing training are undertaken in order to raise the level of qualification in a firm and to secure its economic performance. Whether these investments in training are profitable to the individual, the firm and society as a whole is still unclear although the question is of considerable importance.
Most studies on the productivity impact of training take wages as a proxy for productivity.
The focus of this paper is on comparing wage and productivity effects in order to study how the training rent is shared between employers and employees. The use of system GMM techniques allows me to account for endogeneity and time invariant unobserved factors.
In more detail, wage and productivity effects are estimated and compared using panel data on the industry level in order to analyse the extent to which employer and employees gain from continuing training. This empirical analysis at the sectoral level suggests that the rent sharing aspect of training is important for employer and employees in Germany. Results show that both employer and employees profit from the investment in human capital. The estimated productivity effects of training are higher, on average, than the wage effects.
Since the estimated effect of continuing training on productivity exceeds the effects estimated by comparable studies using firm level data, my results hint to the existence of external effects of training on a sector level, that is, spillovers from training between firms in the same sector.
The results of former work suggest that skill group heterogeneity of the training impact on wages should be considered. In order to shed light on this issue and to analyse whether the impacts of participating in training on wages and on productivity differ for low and highly skilled workers, I differentiate between these two groups. This extension enables me to analyse whether there are spillovers between the two skill groups. I test whether training participation of high skilled has an influence on wages of low skilled or the other way around.
High skilled workers seem to capture a larger share of the rent than low skilled workers. This result is consistent with former work. In addition, I do not find positive external effects of firm-provided training between skill groups.
Introduction
Investments in continuing training are undertaken in order to raise the level of qualification in a firm and to secure its economic performance. There are also arguments for subsidising continuing training which relate to the society's perceived social and economic benefits from such investments which ought to boost productivity and growth. The main arguments are positive external effects of continuing training which induce welfare gains and technological progress. Whether these investments in training are profitable to the individual, the firm and society as a whole is still of considerable importance. While most studies for Germany take wages as a proxy for productivity and find a positive effect of training on productivity, the impact is ambiguous in the few studies using direct measures of productivity. Also, in recent work on training effects on wages where panel data and advanced econometric methods are used, the positive effect of training vanishes (for Germany, see Jürges and Schneider, 2005; Kuckulenz and Maier, 2006) . Human capital externalities play a prominent role in recent growth theory (Barro, 2001) . In empirical work with individual data some recent studies try to estimate the externality caused by education (for example, Ciccone and Peri, 2002; Acemoglu and Angrist, 2000) . While investment in continuing training is alleged to give rise to spillover benefits, empirical support for the existence of such positive external effects is scarce and weak, however. Recently, Martins (2005) reports large firm-level social returns from on-thejob training accruing from spillovers that benefit less educated workers. No statistically significant effect of education on earnings is found by Isaacsson (2005) . In addition, knowledge about how the rent resulting from investment in training is shared between employer and employee is scarce (see, for example, Booth, Francesconi and Zoega, 2003; Dearden, Reed, van Reenen, 2005) . In this paper, both wage and productivity effects are estimated and compared with panel data on the industry level in order to analyse who gains from investment in training. To the best of my knowledge, it is shown for the first time with German data that the rent sharing aspect between employer and employees is important for company provided training. Results show that employer and employees both profit from the investment in human capital. The estimated productivity effects of training are higher than the wage effect. In addition, the results hint to the existence of positive external effects from training on productivity. Comparing the estimated coefficients to the results of comparable studies using firm data, I find evidence for knowledge spillovers between firms in the same sector. Previous work has shown that the training impact on wages differs for low and high skilled workers (e.g., Kuckulenz and Zwick, 2003) . In order to shed light on this issue and analyse whether the impacts of participating in training on wages and on productivity differ between low and high skilled workers, I differentiate between these two groups. This extension enables me to analyse whether there are spillovers between the two skill groups. I will proceed as follows: Section 2 discusses the results from previous literature. Section 3 explains how the data set is set together and Section 4 presents some descriptive statistics. Section 5 describes the estimation strategy. Section 6 discusses the results for the basic model and Section 7 for the extension where I differentiate between low and high skilled workers. Section 8 summarises and concludes.
Background Discussion
Wages, profits and rent-sharing have been a topic for macroeconomists as well as for labour economists (for example, Blanchflower, Oswald and Sanfey, 1996; MacLeod and Malcomson, 1993) . Empirical evidence has shown that when firms become more prosperous, workers eventually receive some of the gains (Hildreth and Oswald, 1997; Arai, 2003; Estevao and Tevlin, 2003) . The central prediction of noncompetitive theories is also that rents are divided between firms and employees (e.g. Brown, Falk and Fehr, 2004) . In a randomised field experiment, Fehr and Götte (2004) show that workers are willing to supply more labour when their wage increases. This is not in line with standard life cycle models but can be explained by preference spillovers across periods and reciprocate behaviour. Only few theoretical and empirical work has focused on the relationship between training investments and rent sharing. Booth and Zoega (1999) show that turnover in a company comprises a negative externality. By causing the firms' discount rate to exceed the social discount rate, high turnover thus leads to an underinvestment in training. Burdett and Smith (2002) find within a matching model that rent sharing diminishes the worker's incentive to acquire skills but the subsequent improved matching prospects may offset the initial disincentive to invest. McLaughlin (1994) and Piekkola and Kauhanen (2003) show that highly educated workers are the main target of rent sharing. Thus, it is important to take heterogeneity of the workforce into account. If there is a positive productivity effect of training, there is a rent to share and either wages should increase, or firms value added per worker, or both. How the rent is shared between employer and employee may depend on several aspects. First, the productivity increase from training can be divergent for different training forms and can differ for heterogenous participants. Thus, it can influence how the training rent is shared. Second, the rent sharing obviously depends on who pays for training. Third, whether an employee profits from training or not may also be influenced by the respective bargaining power of the worker and the firm. Former evidence suggests that it is likely that workers have less bargaining power (ceteris paribus) if they are less qualified, if they work for a large firm, when they just entered a firm or when they are on a fixed term contract. Firms are likely to have less bargaining power (ceteris paribus) when few workers with comparable human capital are available, when workers are not restricted in their mobility, or when demand for workers is much higher than supply in a labour market (Kuckulenz and Zwick, 2003) . Former empirical evidence on productivity effects of training is rather mixed (compare, for example, Blundell, Dearden, Meghir and Sianesi, 1999; Dearden, Reed, and van Reenen, 2000; Zwick, 2005) . An important part of this heterogeneity might be due to the varying methodological strategies. Crosssection estimations might be biased because some explanatory variables, like capital and labour, are endogenous (Griliches and Mairesse, 1998 or Boon and Van der Eijken, 1997) and unobserved time invariant factors, such as technological change in economic sectors, which can be correlated with both, training and productivity, cannot be accounted for. Unless I control for these fixed effects, I may overestimate the importance of training for productivity. I use panel estimation methods, which eliminate unobserved time invariant heterogeneity. Some studies have pointed to the endogeneity of training: the decision to invest in training is likely to depend on firm's performance. Empirical studies show that less productive firms tend to invest more in training (see Dearden, Reed, and van Reenen, 2000; Zwick, 2002) . It is likely that firms may reallocate idle labour to training activities when they face a downturn in demand in their industry. Therefore, it is crucial to control for endogeneity of continuing training because otherwise the true productivity contributions of training will be understated. Recently, comparisons of wage and productivity effects of training were made in empirical papers (Bartel, 1995; Rennison and Turcotte, 2004; Lopez-Acevedo, 2003; Dearden, Reed and Van Reenen, 2000) . In these studies, the effect of training on both wages and productivity is computed, which allows to estimate the shares accrued to the firm and to the worker, respectively. Bartel (1995) uses performance scores as an indicator for productivity and finds a positive impact of training on wage growth as well as on productivity. Using Spanish firm-level data, Alba-Ramirez (1994) finds a positive correlation between training investments and productivity as well as with wages. Dearden, Reed and Van Reenen (2000) estimate a positive effect of training on productivity with a British panel of aggregated data (on industry level) and find that the impact is underestimated when taking wages as a proxy. In studies with Canadian and Mexican linked employer employee data, this result is confirmed. Lopez-Acevedo (2003) shows with Mexican linked employer-employee data that both employer and employees benefit from investments in training. Likewise, Rennison and Turcotte (2004) estimate with Canadian data a positive impact of (computer) training on wages and productivity controlling for various firm and worker characteristics. Also in this study, training has a larger impact on productivity than on wages, hinting at the sharing of costs and returns to training, as suggested by Becker (1964) . Ballot, Fakhfakh and Taymaz (2001) use panels of French and Swedish firms to explore whether firms or workers benefit from training. They find that although the employees obtain significant benefits, firms obtain the largest part of the training rent. The authors conclude that firms can rationally invest in training and that hence, the hold-up problem leading to underinvestment in training by firms may be less severe than suggested by theoretical work (MacLeod and Malcomson, 1993) . Regarding the literature on German data, no study seems to concentrate on the training impact on productivity and wages simultaneously and to explore the issue of rent sharing. Closest to this analysis is Hempell (2003) , where investments in information and communication technologies and firmsponsored training programmes are analysed. Using panel data from German service companies for the period 1994-1998, the impact of these investments on firm productivity is explored and compared to the impact on wage costs. I am not aware of any work where training is distinguished for low and high skilled workers to analyse whether there are differences in the impacts of training on wages and on productivity between skill groups. In the extension I explore whether there are differences for low and high skilled workers in the productivity effect of training and how the rent resulting from training is shared. Also, I test whether there are externalities of training participation, specifically spillover effects between skill groups. This is done by estimating the impact of training high skilled workers on average wages of low-skilled workers and by estimating the impact of training low-skilled workers on average wages of high skilled workers. The idea is that workers share their new knowledge with other workers (for example, high skilled workers teach the new knowledge to co-workers). Alternatively, high skilled workers might organise their work better after training. In that case, also low skilled workers profit from training participation of their team leaders or a foreman.
Data Set
Several types of data sets provide the opportunity to analyse wage and productivity effects of continuing training. Case studies are a good alternative if an indicator for workers individual productivity as well as their wage is available. Bartel (1995) uses data from the personnel record of a company to estimate the impact of training on wage growth and job performance. The drawback of this type of study is that it is not representative data and therefore, no inference can be made for the population. During the last years linked employer employee data sets became available for more and more countries. Here, the individual data set of workers includes a firm number for the employer. That way it can be identified which workers are employed by the same firm. Thus, firm specific effects can be controlled for and information about the firms' characteristics can be imputed from a firm level data set. Hence, this type of data set is first best to use when estimating productivity effects of continuing training. Dearden, Reed, Van Reenen (2000) have shown, however, that it is also possible to use data aggregated on the industry level for analysing wage and productivity effects of continuing training. This approach is also taken here. The advantage of using aggregate data on the sectoral level is that external effects of training between firms in the same sector are included. Comparing the estimated coefficients with results from similar studies that conducted the analysis with firm data allows me to estimate the size of these external effects. I merge information from two sources to construct a panel data set. The main source is the German Micro-Census, a 1 percent sample of households in Germany. I aggregate information on the industry level and append industry data taken from the German National Accounts (NA). The compound panel data set consists of 58 industrial sectors in the cross section dimension and of seven years in the time series dimension, 1996 to 2002. In the Micro-Census, the survey questions on continuing training were completely changed from 1995 to 1996. For this reason I cannot use earlier years. Later years are not available yet. I use the following variables from the German National Accounts:
• gross value added,
• gross fixed capital formation,
• number of occupied persons,
• fixed assets as a proxy for capital.
A number of variables from the German Micro-Census are merged to this panel data set on an industry level. The main variable of interest is continuing training. In the years 1996 to 1998, two measures are available: participation in continuing training in the last four weeks and in the last year. The latter measure is the preferred one, because more employees indicate to participate in training during last year than during the last four weeks and hence the expected impact on sector productivity is also higher. Unfortunately, this measure of continuing training is not available for waves 1999 to 2002, so I have to choose the second best measure in order to use a longer time series of data. Hence, the variable of interest is the sectoral share of workers that took part in continuing training during four weeks prior to the survey. There are two important advantages of the data set. First, training participation is measured every year and it is possible to analyse the impact of training not only on current productivity but also on future productivity. Former work has shown that continuing training seems to have a lagged impact on productivity and I will include lagged training indicators in the analysis (see Bartel, 1995; Zwick, 2005) . Second, the outcome variable, value added, includes also training costs. In contrast to many other studies, I can therefore make inferences on the impact of training on firm profitability. Other variables from the MicroCensus are:
• average net hourly wage (no information about gross wages) of all workers and separately for low and high skilled,
• average working time per sector,
• share of part-time contracts and share of temporary contracts,
• qualification (I include the proportion of high skilled, which are those who have a university (or university of applied sciences) degree),
• enterprise size (I include the proportion of large firms with more than 1000 employees),
• job tenure (I use 7 variables indicating the share of employees per sector with a certain tenure),
• and, as a proxy for fluctuation in a sector, the proportion of workers per sector who changed the employer during last year (i.e. sectoral share of workers that change the job per year). (Expected) worker mobility determines the decision of firms to provide training and also that firms lose human capital if workers switch jobs (see, e.g., Garloff and Kuckulenz, 2006) .
Additionally, I include the proportion of women and an indicator for East Germany to take into account differences in productivity and wages between east and west Germany (see Falk and Pfeiffer, 1998) . The number of observations is 406 (58 sectors in seven years). For means and standard deviations of all variables used in the estimations see Table 6 in the appendix.
Descriptive Statistics
Participation in training varies between economic sectors, over time and by personal characteristics. Figure 1 shows participation in training per year. In the years 1996 to 2002 around 3 percent of the employees took part in training during four weeks prior to the survey. Training participation decreased in the late nineties and increased again slightly in 2001 and 2002. The share of workers that indicate to take part in on the job training (four weeks prior to the survey) is 5 percent in the British Labour Force Survey, so significantly higher than in the German Micro-Census (Dearden, Read and van Reenen, 2000) . There is considerably dispersion of training incidence across sectors. The share of training participants four weeks prior to the survey varies from zero for some sectors in some years (fishery, leather trade, nutrition trade, recycling and hotel and restaurant industry) to more than eight percent (data handling and databases, education and teaching, banking sector and insurance industry). A list of all sectors and the incidence of training, i.e. mean participation in training by sector, is given in the appendix (Table 7) . Personal characteristics play a major role in determining training participation. Distinguishing between low (without tertiary education) and high skilled (with tertiary education) employees, it can be noted that the probability to take part in training is on average about 2.5 times higher for high than for low skilled workers. Training participation also varies widely by age. Young employees participate much more than older employees: around 5 percent of employees below 30 and less than 1 percent of employees above 55 take part in training. Using the median of training participation per sector, I divide the economic sectors into two groups, those with a high and those with a low incidence of training. The mean characteristics of these two groups of sectors are given in Table 1 . Evidently, they differ also in other characteristics than the incidence of training. Economic sectors with a high incidence of training employ a higher share of high skilled and more women. In addition, firms in these sectors are larger and more profitable (have a higher value added) than average and employees have a higher average tenure and are paid a higher wage. Specifically, I am interested in the correlation between wages and productivity with training. Figures 2 and 3 show the bivariate relationship of training and productivity and of training and wages. A clear picture appears for the relation between training and wages, the correlation is strongly positive. The relationship between training and productivity is less clear, but the fitted line is pointing upward, showing a weaker positive relationship. In the following, I explore the nature of these relationships in more detail.
Basic Model
In the basic model I follow Dearden, Reed and van Reenen (2000 and and estimate the impact of the sectoral average training participation on average wage and productivity. In the extension, in contrast, I distinguish between low and high skilled workers and use average values for each skill group.
Estimation Strategy
In order to quantify the impact of continuing training on wages and productivity, I use a simple Cobb-Douglas production function following Bartel (1995) , Black and Lynch (2001) and Dearden, Reed and van Reenen (2000) :
where Q is value added, A is a Hicks neutral efficiency parameter, L is effective labour, and K is capital. Assuming that effective labour improves with training, effective labour can be written as:
where N U are untrained and N T are trained workers and hence, the total number of workers N is N = N U + N T . Trained workers are expected to be more productive than untrained workers and, hence, γ > 1. Substituting equation 2 into 1 gives:
which can be rewritten as where
T rain is small, the approximation ln(1 + x) = x can be used and the production function can be rewritten in logarithmic form as:
If the industry exhibits constant returns to scale, i.e. α + β = 1, then (4) can be written in terms of labour productivity:
In case trained workers are no more productive than untrained, i.e. γ = 1, the coefficient of T rain will be zero. A large number of other variables that are assumed to have systematic influences on productivity are captured in A. Notably, I include proxies for human capital (education, age, tenure), working hours, turnover rate, gender, regional composition, proportion of large firms and temporary contracts. Additionally, I include year dummies to control for year fixed effects. Instrumental variables that are correlated with training but uncorrelated with productivity or GMM techniques are two commonly used approaches in order to take endogeneity into account. Since valid external instruments are difficult to find, I choose recent GMM techniques that exploit information in the levels and in difference equations (for an intuitive guide to panel data models, refer to Bond, 2002 ; for an application of GMM estimation to production functions, see Blundell and Bond, 2000) . The estimation strategy controls for observed time invariant sector heterogeneity by using system GMM panel regressions. It simultaneously controls for endogeneity of continuing training by using internal instrumental variables. The system GMM estimator proposed by Arellano and Bover (1995) avoids the poor finite sample properties of the simple within estimator or the simple GMM estimator, which take first differences to eliminate unobserved firm-specific effects or use lagged internal instruments to correct for simultaneity in the first-difference equations. It is problematic to use lagged levels as instruments because they are usually only weakly correlated with the subsequent first differences of these variables and therefore have weak explanatory power (Blundell and Bond, 2000) . To overcome this problem, the system GMM estimator uses the lagged first differences as instruments for the equations in first differences, assuming that the internal instruments are correlated with current values but independent of the error term. As with any valid instrumental variables strategy, this estimator corrects for any bias arising from measurement error in the dependent variable and the regressors. I report the Hansen test for overidentification of the model and serial correlation tests since the GMM estimator depends on the absence of second order serial correlation in the error term (Dearden, Reed and Van Reenen, 2000) . A negative first order correlation, in contrast, is consistent with the assumptions of the model. Summarising, the system GMM estimator avoids inconsistencies incurred by unobserved heterogeneity and simultaneity of the choice of training, capital, labour, wages and output (Blundell and Bond, 1999; Black and Lynch, 2001; Hempell, 2002; Zwick, 2003; Gürtzgen, 2005) . Hence, the resulting basic empirical model for the logarithm of value added (productivity) per worker y it of sector i in period t is:
where k represents the logarithm of capital per worker, x is a vector of explanatory variables, η i denotes time-invariant unobserved sector-specific effects impacting productivity and the error term it is assumed to be asymptotically normally distributed. To account for aggregation bias 1 , data is weighted by the number of employed in each economic sector. Similarly, I run wage regressions, where I explain average wage w it in sector i in period t by exactly the same inputs that enter the production function:
With this specification, I can assess and compare the wage and productivity impact of continuing training to have a first idea how the training rent is shared between employers and employees.
Empirical Results
First, I pool the data and estimate productivity and hourly wage regressions with simple static pooled Ordinary Least Squares (POLS) to have a benchmark result. Results are shown in Table 2 . The training coefficient is significantly positive in the hourly wage regression (second column) and positive but insignificant in the productivity regression (first column). The higher R-squared in the second column suggests that the variation in average hourly wages per sector is better explained by the covariates than the variation in sectoral productivity. A high share of high skilled and investments are positively related with productivity and with hourly wages. The share of women and of firms per sector located in East Germany are negatively related with hourly wages but not with productivity. There is no significant relation between age and productivity but the share of young workers is negatively related with hourly wages. This hints at the existence of seniority wages (Lazear, 2000) . Average tenure in a sector and the indicator for fluctuation are (weakly) negatively related with wages and not significantly related with productivity. The share of employees with temporary contracts is higher in sectors that are less productive and pay lower hourly wages. Labour and capital are positively related with productivity (although capital is not significant in the estimation) and are insignificant in the wage regressions. Firm size and hourly wages are significantly positively correlated. The productivity regression shows no significant relation between the share of large firms and the outcome variable. In addition, I estimate four different models for the productivity regression as well as for the hourly wage regression with system GMM. 2 In the various models I vary the number of regressors and the exogeneity assumptions. The first model is the most restrictive one, assuming endogeneity of capital and labour and exogeneity of all other variables. The second model assumes endogeneity of capital, labour and training. The third and fourth model are the least restrictive models, allowing for endogeneity of all regressors except for the regional indicator and the time dummies. In the second and the fourth model, I add dummies indicating the share of age groups per sector as additional regressors. The specific assumptions of the empirical models are described in the tables together with the results. The system GMM results of the productivity regression are reported in Table 2 and those of the hourly wage regression are reported in Table 3 . Included in the tables are also the Arellano-Bond tests for autocorrelation. AR(1) is expected in first differences but higher-order autocorrelation indicates that some lags of the dependent variable, which might be used as instruments, are in fact endogenous, thus, bad instruments. I also report a test of over-identifying restrictions, i.e. whether the instruments as a group appear exogenous. For all models, test statistics show that the models are well specified. I also test with Hansen difference statistics whether additional moment conditions are fulfilled. Testing the specification with endogenous capital, labour, and training against the more restrictive specification where training is exogenous, a low p-value indicates that the training variable is endogenous. In contrast, testing the other additional regressors for exogoneity, the Hansen difference statistics suggest that additional moment conditions are fulfilled. Hence, the second model is the preferred specification but I nevertheless report the results of all four specifications. Note: The dependent variable is the average log hourly wage per worker. All variables are first-differenced. Results are reported for one-step system-GMMestimators. The robust estimator of the covariance matrix of the parameter estimates were calculated and the resulting standard error estimates are consistent in the presence of any pattern of heteroskedasticity. All specifications include a constant, time dummies as well as an east-west dummy. Estimation by "xtabond2" command in STATA/SE 8.2. Significance levels : * : 10% * * : 5% * * * : 1% Note: The dependent variable is the average log hourly wage per worker. All variables are first-differenced. Results are reported for one-step system-GMMestimators. The robust estimator of the covariance matrix of the parameter estimates were calculated and the resulting standard error estimates are consistent in the presence of any pattern of heteroskedasticity. All specifications include a constant, time dummies as well as an east-west dummy. Estimation by "xtabond2" command in STATA/SE 8.2. Significance levels : * : 10% * * : 5% * * * : 1% Table 3 contains the results of the productivity regressions. Like in the pooled OLS regression, the estimated training coefficient is positive. In the system GMM regressions, the coefficient of training is, however, significant. Both contemporaneous training and lagged training have a positive and significant impact on productivity. That is, those sectors with high participation in continuing training achieve a higher value added per worker in the year where training took place and also in the next year. Only in the last model, the impact of training on productivity is insignificant. The model is probably overloaded with regressors and instruments. Thus, there remain hardly any significant coefficients. Capital and labour are positive but not significant in the regressions. Investments per worker have a positive and significant impact on sectoral productivity and fluctuation proxied by job changes within a sector as well as the share of temporary contracts have a negative influence on sector productivity. 3 Evidence for average tenure in a sector is mixed but suggesting that low average tenure per sector has a positive impact on productivity. Contrasting the results from pooled OLS regressions, the age dummies are positive and significant in the system GMM regressions. Therefore, a higher share of older workers per sector seems to have a positive impact of productivity.
Results from the hourly wage regressions are given in Table 4 . Like in the pooled OLS regression, the estimated training coefficient is positive and significant. While in the productivity regression, both contemporaneous and lagged training have a significant impact on productivity, in the hourly wage regressions, only contemporaneous training is significant. Investments (lagged and contemporaneous) have a positive influence on wages similar to the impact of investments on productivity. The impact of capital on wages seems to be insignificant. Only in Model 3, there is a negative impact of contemporaneous capital intensity on wages and a positive impact of lagged capital intensity on wages. Fluctuation in a sector as well as the share of contemporary contracts have a negative influence on hourly wages (again similar to the results in the productivity regression). The share of high skilled workers and the share of women do not have any impact on sectoral productivity. In the wage regressions, these indicators are highly significant in all models. A large share of high skilled workers is related to high hourly wages and a high share of women in a sector is related to low average wages in a sector. Again, the evidence for tenure is rather mixed. As in the productivity regression, the age variables are positive and significant; i.e. seniority wages are prevalent, a high share of older workers is related to high average wages in a sector. As noted by Dearden, Reed and Van Reenen (2000) , grouping of data on the industry level has the advantage that spillovers of continuing training are included in the productivity effect. For example, if workers with higher human capital are more likely to generate new ideas and innovations which may spill to other employees even in other firms (within the industry), micro-level estimation underestimates the true impact of continuing training because externalities to human capital acquisition are not taken into account. In a non-technical review of the empirical evidence on the returns to education for the individual, the firm and the economy at large, Blundell, Dearden, Meghir and Sianesi (1999) note that there exists hardly any empirical evidence on the returns to training including externalities. Similar studies with German data using firm level survey data also find positive effects of training on productivity. Zwick (2004 and 2006) estimates with similar econometric methods a positive training coefficients close to 1. The estimated coefficients here are higher and therefore suggest that knowledge spillovers between firms in the same sector exist. Of course, not the entire difference in coefficients has to reflect positive externalities. Differences in the data set used can also explain differences in estimation results as is shown in Kuckulenz (2006) .
Differentiation between Low and High Skilled
In an extension of the basic model based on Dearden, Reed and Van Reenen (2000 and , I allow for worker heterogeneity in the basic production function. This allows me to estimate the impact of training on productivity for low and high skilled workers separately. Additionally, I estimate the impact of training on own average wages for both skill groups separately and on the average wage of the other group. This may hint to the existence of externalities between workers or, more specifically, between different skill groups. If, for example, training high skilled employees exhibits a positive external effect because they transmit the new knowledge to the low skilled employees, there could be a positive impact of training high skilled workers on wages of low skilled workers.
Extension of the Model
For the extension I use the same simple Cobb-Douglas production function:
Here, L L is effective low skilled labour and L H is effective high skilled labour. Assuming that effective labour is improved by training, it can be written as
and
where N U L are untrained low skilled workers, N T L are trained low skilled workers, N U H are untrained high skilled workers, N T H are trained high skilled workers and the total number of workers
, and high skilled workers N H , N H = N U H + N T H . I expect that trained workers are more productive than untrained workers and hence δ > 1 and > 1. Substituting equations (7) and (8) into (6) gives
I can rewrite (9) as
where
is the proportion of high skilled trained workers in all high skilled workers and
is the proportion of low skilled trained workers in all low skilled workers. Rewriting yields
If (δ −1)T rain L and ( −1)T rain H are small, the approximation ln(1+x) = x can be used and the production function can be rewritten in logarithmic form as
Rewritten in per capita terms (substract log N from both sides)gives
For the case of constant returns to scale (α + β + γ = 1),
If trained workers are as productive as untrained workers, i.e. δ = 1 and = 1, then the coefficients of T rain H and T rain L will be zero.
Empirical Results
To compare productivity effects with wage effects of training low and high skilled workers, I again estimate wage regressions using the same specification as in the productivity equation. I use the average wage of low and high skilled workers separately to estimate the effect of training for low and for high skilled workers on their own wage and on wages of the other skill group. That way, I am able to test for differences in rent sharing between firms and high skilled employees and firms and low skilled employees. As derived from the theoretical considerations, I suspect that high skilled employees are able to capture a higher share of the training rent than low skilled employees. Also, I can find evidence whether differences in the wage mark up between low and high skilled workers are due to differences in the productivity impact. Alternatively, high and low skilled workers might take part in different types of training, leading to different productivity impacts. In addition, the bargaining power is important. Even if the productivity impact of training is similar for both skill groups, differences in the impact on wages can arise if one skill group has more bargaining power in capturing (part of) the training rent. Additionally, I test whether there are externalities of continuing training between skill groups. In that case, the social return would differ from the individual return to continuing training and might justify government intervention. For example, when high skilled workers receive training, this may not only raise their own productivity but also the productivity of low skilled and hence increase wages for both groups. In that case, training of high skilled workers contains a positive externality because there are positive spillovers from training on the productivity of low skilled.
In the first column of Table 5 , estimates of the influence of low and high skilled training participation on average wages of low skilled is presented. The estimated coefficients are insignificant. In contrast, lagged training participation of high skilled increases the average of high skilled and training of low skilled does not impact the average wage of high skilled workers (second column of Table 5 ). In the third column, the impact of low and high skilled workers' training participation on value added per worker is shown. The results suggest that only training of low skilled workers has an impact on productivity, while training of high skilled workers has no significant influence. Summing up, it seems that training low skilled workers increases productivity and that firms capture the gain from training since value added is increased by training but low skilled workers do not receive a wage mark up after training. For high skilled workers, results suggest the contrary. There seems to be also a rent to share after training. In the case of high skilled employees participating in training, not the firms gain from the productivity increase, but the high skilled workers receive a wage mark up. Note: The dependent variable in the first column is the average log hourly wage for low and high skilled in the second and third column, and value added per worker in the fourth column. All variables are first-differenced. Results are reported for one-step system-GMMestimators. The robust estimator of the covariance matrix of the parameter estimates were calculated and the resulting standard error estimates are consistent in the presence of any pattern of heteroskedasticity. All specifications include a constant, time dummies as well as an east-west dummy.
Estimation by "xtabond2" command in STATA/SE 8.2. Significance levels : * : 10% * * : 5% * * * : 1%
Conclusion
The analyses in this paper provide evidence for the existence of rent sharing between firms and workers. On average, both employers and employees profit from the investment in human capital since sectoral training intensity increases both sectoral value added per worker as well as sectoral average hourly wages. The productivity effect of training is about three times higher than the wage effect. In addition, training has a lagged impact on productivity but not on wage levels. The basic model is extended to differentiate between low and high skilled workers. The results from the analysis with two types of workers are in line with results in Kuckulenz and Zwick (2003) . High skilled workers receive a wage mark up from participating in training while low skilled workers, on average, experience no wage effect of training. There seems to be a positive impact of training low skilled workers on productivity but no impact of training high skilled workers. This might be explained by the either high training costs (which decrease value added) or, more likely, by the small number of high skilled workers. With the data on sector level we cannot measure the productivity increase of only one skill group but only of the whole sector. The analysis on a sectoral level allows the estimation of external effects between workers and firms. In particular, I estimate the impact of training one skill group on wages of the other group. The idea is that high skilled workers might transmit knowledge acquired in training to low skilled workers or they may organise work procedures more efficiently or improve production processes after training which affects also low skilled workers. In the empirical analysis with aggregated data I find no evidence for external effects of training between skill groups. Since the estimation of the impact of training on productivity is on a sectoral level, it includes spillover effects between firms in the same sector. Such spillover effects are existent if firms learn with each other, if they copy from each other or if job changes between firms in the same sector induce human capital to be transmitted. The impact of training on productivity estimated here is much higher than calculated effects of training on productivity with firm level data. Zwick (2004 and 2006) , for example, finds an impact of training on firm productivity that is only one third of the impact on sector productivity estimated in this study. Even though both data sets used are representative for Germany, the difference in the coefficient can be (partly) explained by the difference in the data sets used. Nevertheless, the results suggests that external effects of continuing training exist in Germany. This is in line with the findings of Dearden, Reed and Van Reenen (2000 and . The training measure used here is crude, including all types of training. I cannot distinguish whether the training measures for high skilled are different from training for low skilled. Given previous evidence (see Kuckulenz and Zwick, 2005, and Kuckulenz, 2006) , it is likely that the type of training differs between skill groups. This could also explain why the impact of training varies between skill groups as suggested in the extension. While low skilled workers participate often in internal and firm-specific training, high skilled workers often take part in external training that is more general and where the new knowledge would be useful also in other firms. This is in line with the results in this paper: high skilled workers increase their general human capital in training and receive a wage mark up afterwards. In contrast, low skilled workers increase their firm specific human capital in continuing training and do not obtain a higher wage after training participation. The analysis here is restricted to the training impact on wages and productivity. Other important aspects are not taken into account. It may well be that also low skilled workers profit from training participation even if they do not receive a wage mark up. Positive effects from training on job security and on satisfaction with the job are very likely. 
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